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Traditional recommender systems suggest Cultural and Natural
Heritage items to visitors by matching the target user to the avail-
able options, one-to-one. However, the increasing diffusion of in-
formal activities and events, supported by location-based services
such as Airbnb, extends personalized recommendation to a many-
to-one match-making task. Airbnb experiences, which any citizen
can propose to offer geographic tours and thematic activities, are
composed of at least two entities to be evaluated: the former is
the experience itself (in terms of topic, cost, etc.); the latter is the
host, who directly interacts with guests during the management of
the planned activities. As both entities can dramatically influence
guests’ perceptions, they should be jointly taken into account by
recommender systems. This paper presents our preliminary work
aimed at extending the personalized suggestion of Cultural Heritage
items to such composite objects.
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1 INTRODUCTION
The promotion of the Cultural and Natural Heritage of a territory
strongly depends onmaking visitors aware of the offered attractions
and events. However, the presence of large sets of options to choose
from can overload people with too much data. Several personalized
and/or context-aware mobile guides have thus been proposed to
help the user focus on the items that (s)he will likely appreciate,
by employing recommender systems [33] for information filtering
purposes. Typically, these guides suggest physical places, such as
museums [3, 6, 20], and public events [7], which they model as a
set of features (or tags) that the user might like or dislike. In other
words, the item to be suggested is the set of its own properties,
which are evaluated to predict the user’s interest in it, in a one-to-
one recommendation task.
While these models are at the core of the delivery of personal-
ized Cultural Heritage information in traditional settings [4], we
claim that they should be extended to exploit the potential of so-
cial networks regarding Cultural Heritage promotion. Indeed, the
increasing expansion of location-based services, such as Airbnb
(https://www.airbnb.com), has made them a novel, low-cost data
sharing channel to publish events, activities and services. For in-
stance, Airbnb enables its users to propose experienceswhich people
can book, both in their home town and when traveling. Experiences
are very heterogeneous and, in our opinion, they are an interesting
example of how a territory can be promoted by proposing local ac-
tivities, products and places in an informal context. For instance, an
experience could be a boat tour in a river, the visit to the old town
of a city, but also a half day spent with a person who teaches her/his
guests how to prepare a traditional dish. It can be noticed that ex-
periences involve a direct interaction between host and guests, as
they are directly managed by the organizers.
One-to-one recommendation, in which an item is suggested to
a user in a personalized way, is suitable for physical places and
structured events. However, we point out that, especially when
dealing with informal activities that involve very few people, such
as Airbnb experiences, options should be evaluated to estimate
both whether the guest will like the topic of the event, and if the
interaction with the host is expected to be a good one. In other
terms, each experience is more than what is planned for it, and
it includes multiple evaluation viewpoints. For instance, the type
of activity proposed in an experience might be very interesting
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for the user but, if the host has been criticized by previous guests,
the experience might not represent a good fit. This means that
recommendation should be organized as a many-to-one suggestion
task, in which the user is matched to a composite object including
both the planned activity and the involved actors.
In this work, we explore many-to-one item recommendation by
exploring the personalized suggestion of Airbnb experiences. We
use the online reviews posted by people on the Airbnb platform in
order to extract information about both the experience and its host
as separate entities to be evaluated. Moreover, we use the host’s
description of the experience in the Airbnb web site to address
cold start, as this type of data is available as soon as an experience
is published. The acquisition of multiple viewpoints on items is
the first building block towards the development of recommender
systems that will take all these perspectives into account.
This paper describes our preliminary work in this direction. The
main contribution is the definition of four models: (i) the experience
profile extracted from the description provided by the host, (ii)
the one derived from the reviews posted by guests, (iii) the host
profile acquired by analyzing her/his self-presentation, and (iv)
the one extracted from the comments posted by the people who
participated in her/his experiences. All these models are built by
extracting features and opinions from textual descriptions that we
scraped from the Airbnb web site.
Starting from these models, we plan to build recommender sys-
tems that employ different viewpoints on items to generate per-
sonalized suggestions. Specifically, we are interested in evaluating
whether we can increase recommendation performance by treating
host and experience as first-class citizens in item evaluation. More-
over, we plan to fuse hosts and reviewers’ perspectives to check
whether, in that way, we will improve the resilience to cold start
while guaranteeing good performance.
The remainder of this paper is organized as follows: Section 2
outlines the related work. Section 3 describes how the host and
experience profiles are built. Section 4 skims the types of recom-
mender systems we plan to develop. Section 5 concludes the paper.
2 RELATEDWORK
2.1 Recommender Systems
Personalized travel guides, such as those described in [6, 7, 20], sug-
gest places and/or events by analyzing the user’s interests in item
categories (e.g., cinemas or parks), as well as her/his preferences for
specific item features, such as the types of artwork exposed in a mu-
seum. Moreover, some inclusive recommender systems, like PIUMA
[8, 23] and INTRIGUE [3], examine sensory or accessibility features
of items to guarantee that the user can smoothly experience the
suggested places. In all such cases, the only evaluated entity is the
item itself, whose features are matched to the preferences of the
target user in order to estimate its suitability.
In Airbnb experiences, the host plays an important role in the
success of the interaction with guests. Therefore, different from
previous work, we model the host as a separate entity that has to
be jointly matched to the user receiving the suggestions in order to
evaluate both the offered activity and the overall context in which
it will be carried out.
Our work is inspired by review-based recommender systems [9,
17] in what concerns the extraction of data about items from online
reviews. As discussed by Ghose and Ipeirotis in [16], consumer
feedback is precious, especially when dealingwith experience goods
and services, because it conveys information about how people
perceive items. It can thus be employed to complement metadata
with first-hand opinions. However, review-based recommender
systems support a one-to-one type of matching between users and
items. For example, in [10, 12, 22, 29], the user model is instantiated
on the basis of the reviews (s)he posts. Moreover, the item model
depends on the overall amount of reviews it collects. Differently, our
model distinguishes the multiple entities involved in an experience
(i.e., host and activity to be performed) and it separately extracts
information about all of them to support a many-to-one type of
recommendation. Moreover, we consider both the perspective of
the host and that of the guest in the representation of items.
2.2 Feature Extraction Techniques
In Content-Based Filtering, item features are typically extracted
from textual catalogs by applying statistical metrics like TF-IDF.
Moreover, in review-based recommender systems, opinion mining
techniques such as faceted opinion extraction [26], bi-gram and tri-
gram analysis [11], Non-negative Matrix Factorization [5], Latent
Dirichlet Allocation (LDA) [2, 25] and ensemble methods [29] are
used to identify aspects in reviews. Further techniques are applied
in the extraction of sentiment about products and services. For
instance, Qi et al. [30] combine LDA with PageRank on terms to
find relevant product properties, and Korfiatis et al. [19] apply
Structural Topic Models to identify evaluation aspects in reviews.
Finally, Paul et al., [28] use Double Propagation [31] and Xu et al.
[36] apply Latent Semantic Analysis to extract aspects from reviews
as latent topics.
We apply Double Propagation because it supports a flexible
and extensible extraction of aspects from articulated sentences.
However, we separate the aspects concerning the host from those
related to the proposed activity in order to support the creation of
multiple item and host profiles.
3 MODEL
3.1 Dataset
During April and May 2019 we scraped the Airbnb web site to
collect information about the experiences it offered, the associated
reviews and their hosts, focusing on content written in English. For
the scraping task, we built a bot that, by exploiting the Selenium
Python library [27], analyzed the HTML web pages. Moreover, we
used the Langdetect Python library [34] to filter English content.
We organized the collected data in two CSV documents which
respectively described the experiences and the hosts.
Each experience 𝐸 is has several fields, among which:
• ID, URL, type of experience, price, offered amenities, "what-
we-will-do" field specifying the type of activity that will be
carried out, expected duration of 𝐸, "where-we-will-be" field
describing the location of 𝐸, city and country in which 𝐸 is
offered, and language that will be used during the activity.
• ID, name and URL of the host offering 𝐸, and the host’s
description about her/himself.
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Table 1: Aspects of an Airbnb experience, extracted from the
filtered Airbnb dataset.
Aspect Adjective Negation Score
boat big false 3.00
experience amazing false 4.19
tour great false 4.43
snack great false 4.43
snack good false 4.14
experience wonderful false 4.57
experience intimate false 3.2
Table 2: Aspects about the host of the experience of Table 1.
Aspect Adjective Negation Score
he great false 4.43
host friendly false 3.87
guide amazing false 4.19
host knowledgeable false 3.00
Stephan friendly false 3.87
host funny false 3.69
host lovely false 4.08
• Overall number of reviews about 𝐸 in the Airbnb web site,
and mean rating in [1, 5] given by guests to 𝐸.
Each review 𝑅 is described by the following fields:
• Review ID and date, ID of the experience 𝐸 to which 𝑅 refers.
• ID and name of 𝑅’s author.
• Textual comment of 𝑅, and score that the reviewer gave to
𝐸, in [1, 5].
We collected data about 254,253 Airbnb users, 11,086 experiences
and 336,288 reviews. However, we noticed that most users wrote
very few reviews. We thus filtered the dataset on the users who
provided at least 5 reviews. The filtered dataset contains 2,386 users.
It can be noticed that not all the fields of the descriptors are
structured. For instance, the date of a review, the price and the type
of an experience store tokens; however, other fields, such as the
"what-we-will-do" one, contain Natural Language text that has to
be analyzed to obtain a structured representation ready to be used
for recommendation purposes. Section 3.2 outlines this analysis
process.
3.2 Extraction of Features about Hosts and
Experiences
We extract hosts and experiences’ features from the textual descrip-
tions of the filtered dataset by applying standard NLP techniques
aimed at recognizing the mentioned aspects and their values. Given
the set of sentences to be analyzed, e.g., all the reviews about an
individual experience, we group the extracted aspects to distinguish
those referring to the experience from those referring to its host.
This is key to build separate models for these two types of entities.
For the extraction of aspects from a text, we use the Spacy depen-
dency parser [14], which builds the syntax tree of each sentence,
and we lemmatize the words to have a single representation of
terms. Starting from the syntax tree, we apply the rules described
in the Double Propagation algorithm by Qiu et al. [32] to identify
aspects and corresponding adjectives. In order to separate the as-
pects concerning the host from those about the experience, we use
a dictionary of terms that usually refer to the host. These include
proper nouns, pronouns such as "he" and "she" and a set of nouns
referring to host roles such as "driver", "guide", and so forth. We
built this dictionary by collecting the noun phrases referring to
hosts in a sample set of Airbnb reviews.
Table 1 shows the aspects of an individual experience 𝐸 that
we extracted from the set of reviews about 𝐸 stored in our dataset.
Similarly, Table 2 shows the aspects concerning the host of 𝐸. Each
row of the tables shows an aspect 𝐴, an adjective associated to 𝐴 in
the analyzed sentence, a marker that specifies whether the adjective
is negated or not, and the resulting evaluation score of𝐴. We obtain
the score of each aspect as follows: first, we compute the polarity
of each adjective as the mean value of the polarities returned by
the TextBlob [21] and Vader [18] opinion mining libraries, taking
the presence of negations into account. Then, we normalize this
value in the [1, 5] interval, which we use for rating prediction.
It can be noticed that the tables contain multiple occurrences
of the aspects that are mentioned more than once in the analyzed
text. Moreover, in principle, the same aspects might be described
using synonyms. For instance, in other experiences we found the
occurrence of both "snack" and "food", or "tour" and "trip". Currently,
we overlook this issue and we treat each lemmatized term as a
different aspect. However, in order to enhance the recognition of
multiple occurrences of the same aspects, we plan to normalize data
by using synonyms and by merging similar aspects on the basis of
their semantic similarity.
3.3 Host and Experience Models for
Recommendation
Reviewers’ feedback is a valuable information source to evaluate
experiences because it describes their participants’ opinions about
them. However, new experiences need some time to receive their
first comments. Moreover, reviews typically focus on the main
perceptions about items and, as such, they might have to be com-
plemented with other data to build rich item models. In order to
address these issues, we propose to extract the aspects of hosts and
experiences by analyzing both the online reviews, and the descrip-
tions published by the hosts. For each experience 𝐸, we build four
item profiles that characterize 𝐸 and its host 𝐻 :
• Host-by-reviewers: this profile is acquired by analyzing all the
reviews about the experiences offered by 𝐻 , and by extract-
ing the comments that concern her/him. It thus represents
the opinions expressed by her/his guests.
• Experience-by-reviewers: this profile is acquired by analyz-
ing all the online reviews about 𝐸, and by extracting the
comments that concern it.
• Host-by-host: this profile is acquired by analyzing the de-
scription that 𝐻 provides about her/himself.
• Experience-by-host: this profile is built by analyzing the de-
scription of 𝐸 provided by 𝐻 .
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Each item profile is a vector << 𝑎1,𝑚𝑒𝑎𝑛𝑆𝑐𝑜𝑟𝑒1 >, . . . ,
< 𝑎𝑛,𝑚𝑒𝑎𝑛𝑆𝑐𝑜𝑟𝑒𝑛 >>, where, for 𝑗 in [1, n]:
• 𝑎 𝑗 is an aspect of the described entity;
• 𝑚𝑒𝑎𝑛𝑆𝑐𝑜𝑟𝑒 𝑗 is the mean evaluation score of 𝑎 𝑗 in the ana-
lyzed text.
For instance, the experience𝐸 of Table 1 has the following Experience-
by-reviewers profile: << 𝑏𝑜𝑎𝑡, 3.00 >, < 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒, 3.987 >, . . . ,
< 𝑠𝑛𝑎𝑐𝑘, 4.285 >>. Moreover, the Host-by-reviewers profile of 𝐸’s
host (see Table 2) is << ℎ𝑜𝑠𝑡, 3.876 >>. In this case, the aspects are
fused into a single pair because they all refer to 𝐸’s host, regardless
of the name or pronoun used to refer to him.
3.4 User Profiles
We plan to estimate the ratings of items based on the scores of
aspects in their profiles, and of the importance that the user gives
to such aspects. Our idea is that, if a host h gets good scores in
aspects that a user u considers as important, then it is likely that u
will appreciate h in the experiences (s)he hosts. Similarly, the im-
portance of the aspects of experiences can be employed to evaluate
their suitability for the user. We thus define the user profile as a
vector of pairs: << 𝑎1, 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒1 >, . . . , < 𝑎𝑛, 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑛 >>,
where the aspects 𝑎 𝑗 concern either hosts or experiences, and the
importance values are decimal numbers in [0, 1].
4 HOST AND EXPERIENCE-AWARE
RECOMMENDER SYSTEMS
4.1 One-to-one Recommendation
A simple way to personalized the suggestion of experiences to a
user u is the adoption of an evaluation model based on her/his user
profile and on one of the types of item profile described in Section
3.3; i.e., either Experience-by-reviewers or Experience-by-host. Given
a user profile u, and an item profile i, we can estimate the rating
of i as the weighted mean of the scores of its aspects, tuned by the
importance that u gives to such aspects:∑𝑛
𝑗=1 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑢 𝑗 ∗ 𝑠𝑐𝑜𝑟𝑒𝑖 𝑗
𝑛
(1)
where 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑢 𝑗 is the importance of aspect 𝑎 𝑗 in the user
profile and 𝑠𝑐𝑜𝑟𝑒𝑖 𝑗 is the evaluation score of 𝑎 𝑗 in the item profile.
This is a one-to-one match-making, which does not support the
evaluation of composite objects such as experiences. However, it
is the basis for the integration of multiple perspectives for item
recommendation.
4.2 Many-to-one Recommendation
The separation of host and experience-related aspects supports the
design of recommendation strategies that are partially related to
multi-criteria recommender systems [1]. The idea is that, as both
the host and the activity to be carried out influence the guest’s per-
ception of the overall experience, they represent two main entities
to be matched against the preferences of the target user. In this re-
spect, we are interested in developing recommendation algorithms
by considering different design dimensions for the evaluation of
their performance:
• Type of match-making: one-to-one vs. many-to-one.
We plan to compare the recommendation performance of
algorithms focusing on the model of the experience with
that of algorithms that also take the host model into account.
For instance, in the latter case, the recommender system
might separately evaluate the experience and the host. Then,
it might merge these evaluations, e.g., by computing their
weighted mean, or their Fuzzy AND, depending on the re-
quired selectivity of the suggestions.
• Viewpoint in the descriptions of hosts and experiences.
As previously mentioned, for each host and experience there
are two models: one built from the reviews, the other one
derived from the descriptions provided by the host. We are
interested in evaluating the performance of a recommender
system that only relies on reviewers’ feedback, with respect
to another one that merges this feedback with the hosts’
descriptions, with specific attention to cold start.
We aim at carrying out a user test to investigate user experience
with these recommender systems. However, a first type of validation
can be an offline one that leverages the data stored in the filtered
Airbnb dataset to build item and user profiles, and to measure
recommendation performance using the observed item ratings. We
can build the user profiles of each user u by analyzing the reviews
provided by her/him in order to infer the importance (s)he gives
to the various aspects of items and hosts. For this purpose, we can
merge all the reviews posted by u and analyze their text, using the
same techniques described in Section 3.2. The result of this analysis
are two tables reporting the mentioned aspects and the number
of occurrences of the aspects respectively concerning experiences
and hosts. By normalizing the number of occurrences of items in
[0, 1], we can derive the relative importance of aspects to u, and
thus her/his user profile.
5 CONCLUSIONS
The promotion of Cultural Heritage is becoming more inclusive
thanks to the presence of location-based services that empower
individual citizens to propose informal activities rooted in the ter-
ritory. For instance, thanks to the Airbnb experiences, people can
offer tours of a geographic area, as well as other types of events,
which they carry out with their guests. However, this fluid context
changes the setting of recommender systems. Specifically, when
suggesting an experience to a person, the system should take care
that (s)he appreciates both the topic of the experience and its host,
as both of them might contribute to spoil it, or to make it a very
good one. In other words, the proposed item is composed of at
least two entities to be evaluated. In this paper, we described our
preliminary work towards the development of recommender sys-
tems that manage a many-to-one type of match-making between
users and items, by modeling items as composite sets of entities.
We outlined the models that come into play in this context and the
type of algorithms that might be designed.
Our future work includes the development of the envisaged algo-
rithms and their evaluation, offline and with real users. Moreover,
we plan to enhance the extraction of aspects from reviews by us-
ing review helpfulness analysis [13, 15, 24, 35] to select valuable
consumer feedback and filter out low-quality reviews.
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